Abstract: It is of vital importance to develop a high accuracy and fast convergence algorithm in deep sea navigation system, since location is essential for the sake of scientific survey and safety in very hazard environment. Unscented Kalman Filter (UKF) is the type of filter, which is designed in order to overrun this problem. However, in case of state estimation of the Human Occupied Vehicle (HOV) via the sensor data obtained from a Long Baseline (LBL) acoustic positioning system, a Doppler Velocity Log (DVL), a depth sensor and a motion sensor, where the nonlinearity degree of dynamic model is high and the operating environment is complex, UKF may give inaccurate results. In this study an iterated square root Unscented Kalman Filter (ISRUKF) is presented. An iterated measurement update procedure is included to increase the approximation accuracy of nonlinear state estimates, and a square root version of UKF is conducive to guarantee numerical stability of the algorithm. Compared with the UKF and square root Unscented Kalman Filter (SRUKF), used in deep-sea vehicle navigation system, the ISRUKF algorithm has potential advantages in convergence speed and location accuracy. Extensive experiment researches have been conducted by using the data obtained from previous sea trial to demonstrate its superiority. and fixes it with a new range measurement from LBL. To obtain a high precision level, a six degree of freedom dynamic model which precisely describes the motion of HOV in the water is used as the state function. The remainder of this paper is arranged as follows. In section II, the standard SRUKF approach is introduced, and the detailed description of the ISRUKF method is given. In section III, the simplified six degree of freedom dynamic model of HOV is presented, while experiment researches are carried out and the results of which are reported and discussed. Section VI contains concluding remarks and describes future work.
INTRODUCTION
Human Occupied Vehicle (HOV) has been widely used in various fields such as oceanic physics, oceanic geography, oceanic chemistry and so on. To gain accurate real-time attitude and position information of HOV is of much help for its location and motion control. As a known fact that state estimation problem of the HOV cannot be solved by linear Kalman Filter (KF) because of its inherent nonlinear dynamics. In such case Extended Kalman Filter (EKF) may be an alternative [1] [2] . The EKF applies the conventional linear KF methodology to nonlinear system by simply linearizing the true nonlinear system. Although widely used, EKF still suffers from several problems, including the requirement of differentiability of the state dynamics, susceptibility to bias, and divergence during estimation. These problems necessitate the development of a new filtering algorithm that addresses the situation more directly. The Unscented Kalman Filter (UKF) [3] [4] based on the fact that approximation of a nonlinear distribution is easier than that of a nonlinear function was proposed as one of the most effective approach for nonlinear problem. UKF uses the nonlinear model directly instead of linearizing it, so it does not need to compute Jacobians and can achieve second-order accuracy, whereas the accuracy of EKF is the first order. Meanwhile, UKF has the same level of computational complexity as that of EKF, both of which are within the order O(n 3 ). The UKF approach has been proven to be far superior to EKF in a wide range of applications [5] [6] [7] [8] . However, the HOV's dynamics is highly nonlinear, and its operating environment is complex; in addition malfunctions such as abnormal measurements, the background noise, etc. affect instantaneous filter outputs. Faced with these problems, the UKF also shows its weakness in convergence speed and estimation accuracy. In order to avoid this situation, an iterated measurement update procedure is included to improve the estimation accuracy. Moreover, in the process of filtering, inherent rounding errors and truncation errors due to the finite word length of the computer may cause negative definiteness of the state covariance, resulting in the filters no longer working properly. To ensure the running efficiency and numerical stability, a square root version of UKF is needed, which uses the square root of the state covariance instead of state covariance in the process of iterative calculation. In this paper, an iterated square root Unscented Kalman Filter (ISRUKF) is introduced. This method is developed from UKF, but it can obtain more accurate state and covariance estimation. ISRUKF is used for navigation of a class of HOV based on the sensor readings of a Long Baseline (LBL) acoustic positioning system, a Doppler Velocity Log (DVL), a depth sensor and a motion sensor. For one thing, a Dead Reckoning (DR) system composed of a DVL and a motion sensor, which can lead to a drift over time, is available at a high rate. For another, range measurements from LBL, which can be noisy but do not drift, are available at a low rate. The filter algorithm updates the state of HOV at the same rate of the DR system,
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KALMAN FILTER
The square-root form of Unscented Transform
Suppose that a random variable x with mean x and covariance matrix x P is propagated through the following nonlinear equation
A set of deterministic sample points with associated weights are generated as ( ) 
Generally, the covariance matrix is a non-negative definite matrix, but inherent rounding errors and truncation errors may cause negative definiteness of the covariance in the process of filtering, resulting in the filters no longer working properly. In the SRUKF implementation, the square root of the covariance matrix is propagated directly instead of the covariance matrix, which can not only avoid negative definiteness of the covariance matrix but also ensure the running efficiency and numerical stability. The square root of the covariance matrix is given by T = SS P . The square-root form of UKF utilizes three linear algebra methods, namely, Cholesky factorization, QR decomposition and Cholesky factor updating. The three methods are briefly introduced below. 
The SRUKF filtering algorithm
In this section, we give the principle of standard SRUKF for nonlinear state estimation. The general discrete-time nonlinear system model with purely additive process and observation noise is described as
where n k ∈ ℜ X is the system state vector at epoch k ; 
3) Time update:
( ) 
The ISRUKF filtering algorithm
The main difference between ISRUKF and SRUKF lies in the step of measurement update. For the ISRUKF, once the state prediction 
S
are obtained, the following iterates will be recursively carried out [10] 
where
X is the disturbance variable, and p ΔX is the th p disturbance component of ΔX ; L is an integer with proper size. In many applications, the number of iterations is not too much because of its finite capacity to improve the performance of the filter. This paper sets the number of iterations to 2 times. For the iterates number j=0,1,2, the ultimate outputs of the filter are 
EXPERIMENT RESEARCH
Dynamic model of the HOV
Earth coordinate system Eand body coordinate system O-xyz shown in Fig.1 are used to describe the HOV's space motion, and the TABLE 1 displays the six degree of freedom motion of HOV. 
Experiment research
In China, the HOV named JIAOLONG has been built and the sea trial tests have been carried out. In 2013, JIAOLONG conducted its first scientific cruise from June to September. The new state estimation scheme is tested using the real voyage data obtained from Chinese JIAOLONG's maiden scientific cruise. The results are compared with those obtained by normal UKF and SRUKF to indicate its effectiveness and improvements. Throughout this paper, the sampling interval T is 0.5s. The parameters , , α β κ for the filters are set to 1, 2 and 0, From what has been discussed above, we may safely draw the conclusion that the deep sea navigation system based on ISRUKF filtering method can provide a credible navigation. For this paper, the navigation system is designed for deep sea extreme environment. In order to show the superiority of the ISRUKF method, a comparison between and among ISRUKF, UKF and SRUKF is discussed. Figs 6-7 offer a comparison of three methodologies, namely ISRUKF, SRUKF and UKF, by computing the position residual. It is quite clear that the ISRUKF method has a lower position error than two other methods. To further demonstrate the ISRUKF's improvement, a more detailed comparison between ISRUKF and SRUKF is displayed in Figs 8-9 . Instead of using the error covariance matrix, we use the square-root form of error covariance matrix to approximate error. It can be seen that the ISRUKF has a slightly higher precision than SRUKF. The calculated amount of all three filters are of the same order but the ISRUKF is about 6.375% faster than the UKF and about 1.935% slower than the SRUKF, which can be seen from the 
CONCLUSION
Compared with UKF and SRUKF, the ISRUKF can adjust the state estimate to adaptively approach the true value through corrections of the measurement, so after the iterate terminates, a lower state error can be expected. According to the simulations, this method outperforms the standard UKF in terms of computation load and estimation accuracy. Further, making a comparison between this method with SRUKF shows that the ISRUKF has a higher precision by embedding an iterated measurement update procedure.
With the fusing of information in the ISRUKF, the navigation system can overcome the low updating rate of LBL and the accumulative error of the DR system. So the navigation system based on ISRUKF can provide a credible navigation. In the near future, the ISRUKF will be tested on the hardware-in-loop virtual platform, and the online tests in the sea trial will be not so far.
